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Introduction
The spatial and temporal changes in land use/land 
cover (LULC) have proceeded rapidly as a result of 
increased urban populations and anthropogenic activities. 
The modification of LULC and the interaction of hu- 
mans and the environment have caused variability of 
dynamic changes to the environment and climate [1]. 
Several flood plains and river deltaic regions are highly 
vulnerable to flooding due to rapid urbanization and 
the threat of changed climatic events such as tempe-rature 
rise, wind storms, and heavy precipitation [2]. Therefore, 
it is required to monitor the modification of LULC under 
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Abstract
Rapid urbanization and the risk of climatic variations, including a rise in temperature and increased 
rainfall, have urged research in the development of methods and techniques to monitor the modification of 
land use/land cover (LULC). This study employed the normalized differencing vegetative index (NDVI) 
and semi-supervised image classification (SSIC) integrated with high-resolution Google Earth images of 
the Kuantan River Basin (KRB) in Malaysia. The Landsat-5 (TM) images for the years 1993, 1999, and 
2010 were selected. The results from both classifications provided a consistent accuracy of assessment with  
a reasonable level of agreement. However, SSIC was found to be more precise than NDVI. Overall  
accuracy was 82% for 1993 and 1999, and 80% for 2010, with the kappa values ranging from 0.789 to 
0.761. Meanwhile, NDVI accuracy was attained at 64% with kappa value at 0.527 for 1999. In addition, 
70% and 72% accuracy were obtained for 1993 and 2010 with estimated kappa values of 0.651 and 0.672,  
respectively. The study is anticipated to assist decision makers for better emergency response and  
sustainable land development action plans, thus mitigating the challenges of rapid urban growth.
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diverse demographic and environmental conditions for 
sustainable land mana-gement [3]. Various studies have 
shown that the appli-cation of LULC change detection 
plays an important role in solving problems related to 
different domains such as changes in environmental 
services [4], urban development [5], and watershed 
characteristics [6-7].
Currently the use of satellite remote sensing data 
is considered the most powerful source of information 
to detect the changes in LULC because of its wide range 
of temporal and spatial coverage [8-9]. [10] defined 
change detection techniques as a method of recognizing 
changes in LULC with the time variation. Among several 
methods of image classification, principle component 
analysis (PCA), simple band ratio (SBR), and normalized 
differencing vegetative index (NDVI) are more popular 
[9, 11].
Several studies have also employed the visual 
interpretation for LULC classification, and some others 
have used supervised and unsupervised classification 
[12-13]. From the technical point of view, the supervised 
classification technique provides more accurate and 
reliable results compared to the unsupervised method. 
But the supervised method takes more time and costs 
too much. It also needs special equipment for collecting 
samples that are not available in many cases. For that 
reason, the time-series satellite data has been used to 
monitor changes in LULC efficiently. In this study, LULC 
changes were investigated for almost three decades. 
The determination of this research is to enhance the 
performance of semi-supervised image classification 
(SSIC) compared to the standard normalized differencing 
vegetation index (NDVI) technique. 
Material and Methods
Study Area
Kuantan is the capital of Malaysia’s third-largest state, 
Pahang. It is located at coordinates 3.82° N, 103.33° 
E. Kuantan is considered the social, economic, and 
commercial hub for the east coast of Peninsular Malaysia 
due to its locality. Geographically, Kuantan covers 
approximately an area of 1,707 km2. Kuantan River 
Basin (KRB) was chosen as the study area, which passes 
through the main Kuantan city. KRB comprises numbers 
of important tributaries that supply water to the urban, 
agricultural, and industrial sectors of Kuantan (Fig. 1).
Data Source
The study utilized Landsat-5 (TM) images of  4 April 
1993, 8 March 1999, and 7 February 2010, which are 
available at glovis.usgs.gov. To minimize the effect of 
atmospheric noise on image classification, cloud cover 
was limited to 15% (although some researchers believe 
that cloud cover should be less than 10% [5]). Since the 
study area was near the equatorial region and most of the 
time covered with clouds, it was hard to get  <10%  or 
cloud-free images. The collected images contained cloud 
cover of 15% (1993), 5% (1999), and 12% (2010).
Image processing 
The Kertau_RSO_Malaya_Meters map projection was 
used for the image as it is commonly used in Malaysia. 
Then according to [14], radiance calibration was 
performed by converting the digital number (DN) value 
to surface spectral reflectance and removal of atmospheric 
effect (atmospheric correction) with the darkest pixel 
subtraction techniques using ENVI version 5.1. 
Radiometric Calibration Process
The atmospheric effects of dispersed aerosol particles 
and atmospheric gases that traveled all through from the 
earth’s surface to the sensors have been reported by several 
researchers [15-16]. It is believed that even though the 
atmospheric and radiometric effects have no significant 
influence over the classified image for LULC changes 
detection, it is necessarily required to eliminate their 
effects for investigating unforeseen variations in green 
cover. Radiometric calibration includes the corrections 
associated with sensor sensitivity, topography, and sun 
angle. In this technique, the digital number (DN) values 
are converted to the radiance unit for Landsat (TM). The 
spectral radiance at the sensor’s aperture can be calculated 
using equations 1, 2, and 3 as stated by [17].   
  
           (1)
OrFig. 1. Study area: Kuantan River Basin (KRB).
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According to [18], the acquired radiance value was 
then converted to the top of atmosphere (ToA) reflectance 
in order to correct the effects of uncertain solar zenith 
angle to the sensors at different dates of acquisition using 
Eq. 4.
                     (4)
…where λ is ToA reflectance for the band, d is the 
distance from earth to sun (astronomical units), ESunλ
 
is exoatmospheric solar irradiance, and θ is solar zenith 
angle in degrees. The ESunλ values for TM images were 
used from the available source [19]. Landsat images 
and atmospherically corrected images of the KRB are 
presented in Figs 2 and 3, respectively.
Semi-Supervised Image Classification 
(SSIC)
A natural color composite from the Landsat-5 bands 
b7, b4, and b2 were associated with red, green, and blue 
(RGB), respectively. The sample polygons were created 
based on visual interpretation on the image to recognize 
the land cover feature classes. Spectral analogous 
sub-areas were then demarcated with specified class 
name using a training signature. Then the images were 
classified by using the maximum likelihood classifier 
(MLC), which is the most common statistical technique 
for evaluating the standard LULC classification. According 
to [14], the vector feature of classes could be used to 
compute the likelihood of unknown pixels in each class. 
Hence the maximum probability of pixels is considered to 
Fig. 2. Raw natural Landsat-5 color composite of the study area: a) 4 April 1993, b) 8 March 1999, and c) 7 February 2010.
Fig. 3. Radiometric-corrected Landsat-5 images: a) 4 April 1993, b) 8 March 1999, and c) 7 February 2010.
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belong to the assigned corresponding feature class. Five 
major LULC classes were identified in the study, namely 
water body, built-up land, agricultural land, forest, and 
bare soil. The accuracy assessment for each classified 
image was performed using error matrix and kappa value 
[20].
The generated random points depend on criteria and 
area situation. In this study, 10 reference points were 
selected in each feature class from Google Earth as the 
base map. Google Earth offers high resolution satellite 
imagery in different dates and times for many places. 
Overall accuracy was carried out using error matrix 
and kappa value indexes. The error matrix describes 
the level of accuracy between the training sample and 
classified values of the same image. This method is the 
most commonly used and is considered fundamental for 
assessing the overall classification using user accuracy, 
producer accuracy, and kappa coefficient [21].
NDVI Classification
The NDVI is a well-known technique for LULC 
classification. It was identified by [22] and is used 
to generate the normalized band ratio to enhance the 
presence or absence of vegetation cover. The equation 
is defined as NDVI = (NIR-IR)/(IR+NIR). In the case 
of Landsat-5, near infrared (NIR) refers to band 4 and 
infrared (IR) refers to band 3.  According to this equation, 
NDVI values range from +1 to -1. The negative values 
represent the non-vegetative surface, whereas positive 
values indicate the green cover and as higher the positive 
values, the denser the green surface. In the study, NDVI 
values were assigned with reference of some previous 
studies such as [23-25] and the pixel by pixel value cross 
over. Negative NDVI readings indicate the water body, 
built-up land, and bare soil surface that range from 0.1 
to 0.4 while agriculture and forest land cover describe 
the normal healthy vegetative index that falls between 
0.4 to 0.76. Meanwhile, in April 1993 the values lie up to 
0.98 because of dense vegetation index netted during the 
acquisition date.
Results and Discussions
The SSIC and NDVI classified maps for the years 1993, 
1999, and 2010 are presented in Figs 4 and 5. To compare 
the statistical accuracy of proposed classifications, the 
error matrix and kappa coefficient methods were applied. 
The implied classifications showed good agreement. 
The overall accuracy of LULC of SSIC from 1993 to 
2010≥ 80% with kappa values from 0.781 to 0.761 
showed good agreement compared with NDVI accuracy 
of 64% (1999), 70% (1993), and 72% (2010), with kappa 
value ranging from 0.52 to 0.671. The reason could be 
that SSIC relied on creating homogenous training areas 
based on visual interpretation and information about an 
area followed by the method of maximum likelihood that 
contributed to the best result. But SSIC also showed the 
values mixed-up between bare soils and built-up land 
because these classes shared more similar reflectance 
values that caused misclassification. NDVI has been 
Fig. 4. LULC semi-supervised image classification (SSIC) for: 
a) 4 April 1993, b) 8 March 1999, and c) 7 February 2010.
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used as a vital tool characterizing different classes that 
predominantly have great influence on vegetation cover. 
In NDVI classification, the pixel values were computed for 
categorizing a natural feature class. The negative NDVI 
values indicated a water body whereas built-up land and 
bare soil surface ranges lie close to 0.1 to 0.4. Although 
both classifications have different levels of accuracy, they 
share almost the same pattern of LULC distribution.
In graphical analysis (Fig. 6), NDVI noticed the rising 
trend in built-up land from 1993 (4.24%) to 2010 (4.87%), 
as KRB has been experiencing urbanization since the 
majority of the population started migrating from rural to 
urban areas for economic and social reasons. The same 
trend was shown in SSIC in images from 1993 with 6.80% 
and 2010 with 5.90%, as values dramatically fell in 1999 
with the area covered at 3.20%. On the contrary, bare soil 
class increased during the period from 1993 to 2010 with 
a significant difference of 1.75% to 4.49%. In NDVI, bare 
soil decreased during the corresponding years by 7.50%. 
There is a possibility that built-up land and bare soil were 
comprised of quite similar varieties. For this reason, both 
classes suffered from a confused classification percentage.
In addition, the forest area (the denser green cover 
land) in comparison with SSIC and NDVI classifications 
showed the highest ratio of 68.74% to 62.75% for 1999. 
Low forest area was observed during the period of 1993 
(48.34%) in SSIC and (56.11%) in NDVI. On the other 
hand, the lowest ratio of agricultural land was observed 
Fig. 6. LULC changes in the study area for the investigated 
period: a) SSIC and b) NDVI.
Fig. 5. LULC NDVI classification for: a) 4 April 1993, b) 8 
March 1999, and c) 7 February 2010.
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Actual Data
Predicted Data (PD)
WB BL AL FO BS Total PA (%) UA (%)
WB 10 0 0 0 0 10 100 100
BL 0 8 0 1 1 10 88.88 80
AL 0 0 8 2 0 10 80 80
FO 0 0 1 9 0 10 64.28 90
BS 0 1 1 2 6 10 85.71 60
Total 10 9 10 14 7 50
Table 1. SSIC and LULC error matrix for the 4 April 1993 image.
Actual Data
Predicted Data (PD)
WB BL AL FO BS Total PA (%) UA (%)
WB 10 0 0 0 0 10 100 100
BL 0 8 1 1 0 10 80 80
AL 0 0 7 3 0 10 77.77 70
FO 0 0 0 10 0 10 66.66 100
BS 0 2 1 1 6 10 100 60
Total 10 10 9 15 6 50
Table 2. SSIC and LULC error matrix for the 8 March 1999 image.
Actual Data
Predicted Data (PD)
WB BL AL FO BS Total PA (%) UA (%)
WB 10 0 0 0 0 10 100 100
BL 0 7 0 0 3 10 100 70
AL 0 0 5 4 1 10 83.33 50
FO 0 0 0 10 0 10 66.66 100
BS 0 0 1 1 8 10 66.66 80
Total 10 7 6 15 12 50
Note: WB is water body, BL is built-up land, AL is agricultural land, FO is forest, BS is bare soil, UA is user accuracy, and PA is 
producer accuracy.
Table 3. SSIC and LULC error matrix for the 7 February 2010 image.
Table 4. NDVI LULC error matrix for the 4 April 1993 image.
Actual Data
Predicted Data (PD)
WB BL AL FO BS Total PA (%) UA (%)
WB 10 0 0 0 0 10 100 100
BL 0 9 0 1 0 10 81.81 90
AL 0 0 5 5 0 10 62.5 50
FO 0 0 3 6 1 10 40 60
BS 0 2 0 3 5 10 100 50
Total 10 11 8 15 6 50
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in 1999 (23.76% and 21.91%) and the highest ratio was 
computed for 1993 in both NDVI (21.92%) and SSIC 
(42.34%). The reason for the denser cover class in 1999 
was due to the period for monsoon rainfall during that 
date of acquisition. For the water body, the greater values 
were observed in 2010, which was about 1.20% (SSIC) 
and 2.47% (NDVI). The main reason for this change in 
water area is the construction of a DAM reservoir at the 
upper stream of KRB. Detailed statistical analysis of SSIC 
and NDVI classifications for the LULC change detection 
of KRB is represented in Tables 1-3 and 4-6, respectively. 
Overall accuracy can be calculated by Eq. 5 and Kappa 
coefficient (kc) is determined by Eq. 6, shown in Table 7.
Overall Accuracy =
             (5)
               (6)
Conclusion 
In this work, the proposed change detection approach 
based on the semi-supervised method was performed. The 
accuracy of both classification methods (NDVI and SSIC) 
were validated with Google Earth images. The obtained 
results showed that the level of accuracy increased from 
80 to 82% (SSIC) and 64 to 72% (NDVI), which represent 
the significant improvement in image classification. 
Thus the implementation of the generated homogenous 
sample point helps as a useful and reliable approach for 
data verification. This technique is useful in case there is 
Table 5. NDVI LULC error matrix for the 8 March1999 image.
Table 6. NDVI LULC error matrix for the 7 February 2010 image.
Actual Data
Predicted Data (PD)
WB BL AL FO BS Total PA (%) UA (%)
WB 9 1 0 0 0 10 100 90
BL 0 7 1 2 0 10 63.63 70
AL 0 0 5 5 0 10 50 50
FO 0 0 3 7 0 10 43.75 70
BS 0 3 1 2 4 10 100 40
Total 9 11 10 16 4 50
Actual Data
Predicted Data (PD)
WB BL AL FO BS Total PA (%) UA (%)
WB 9 1 0 0 0 10 100 90
BL 0 8 0 0 2 10 61.53 80
AL 0 1 6 3 0 10 60 60
FO 0 0 2 8 0 10 72.72 80
BS 0 3 2 0 5 10 71.42 50
Total 9 13 10 11 7 50
Note: WB is water body, BL is built-up land, AL is agricultural land, FO is forest, BS is bare soil, UA is user accuracy, and PA is 
producer accuracy
SSIC  NDVI
Landsat 5 Overall accuracy (%) Kappa coefficient (k
c 
) Overall accuracy (%) Kappa coefficient (k
c 
)
April 1993 82 0.789 70 0.651
March 1999 82 0.789 64 0.527
February  2010 80 0.761 72 0.672
Table 7. Accuracy assessment of Landsat-5 in LULC classification.
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not enough time or budget for a field survey or any other 
constraint and limitation to perform standard classification 
techniques. According to this study, SSIC with Google 
Earth imageries seem to be reliably cost-effective and a 
time-saving technique.  It also enhances the online sources 
as an alternative for verification of image classification 
when there is the lack of financial assistance to arrange 
field survey and/or sparse availability of referenced maps.
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